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A novel algorithm based on Data Self-Recalibration and a subsequent Mixture Mass Finger-
print search (DASER-MMF) has been developed to improve the performance of protein
identification from online 1D and 2D-LC-MS/MS experiments conducted on high-resolution
mass spectrometers. Recalibration of 40% to 75% of the MS spectra in a human serum dataset
is demonstrated with average errors of 0.3  0.3 ppm, regardless of the original calibration
quality. With simple protein mixtures, the MMF search identifies new proteins not found in
the MS/MS based search and increases the sequence coverage for identified proteins by six
times. The high mass accuracy allows proteins to be identified with as little as three peptide
mass hits. When applied to very complex samples, the MMF search shows less dramatic
performance improvements. However, refinements such as additional discriminating factors
utilized within the search space provide significant gains in protein identification ability and
indicate that further enhancements are possible in this realm. (J Am Soc Mass Spectrom 2008,
19, 1914–1925) © 2008 American Society for Mass SpectrometryThe multidimensional protein identification tech-nology (MudPIT), consisting of a 2D liquid sep-aration of the peptides followed by mass spectro-
metric sequencing and database search is likely the
most popular technique to identify proteins within a
complex mixture [1]. Unfortunately, protein identifica-
tions still depend on matching experimental and pre-
dicted tandem mass spectra of several peptides per
protein, and under-sampling of peptides is an issue [2].
Factors such as low MS/MS duty cycle, peptide abun-
dances, ionization efficiency, chromatographic resolu-
tion, sample complexity, and ion suppression affect this
random sampling phenomenon [3]. Repeated analyses
of the same sample can partially overcome this under-
sampling problem but it is a time consuming process [3].
The accurate mass tag (AMT) strategy offers an
alternative approach to complex mixture analysis. The
AMT approach involves extensive proteome coverage
of a particular sample by bottom up analysis followed
by exact mass measurements to create a database of
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doi:10.1016/j.jasms.2008.07.017these mass tags. The original AMT implementation
used only MS/MS data to create the mass tag database
[4, 5], but more recently chromatographic retention
times have been added to increase discrimination capa-
bilities [6]. While this strategy allows for subsequent
high throughput MS analysis on an accurate mass
instrument, the creation of the AMT database for a
particular proteome is time consuming [5] and requires
extremely reproducible chromatographic separations.
Interesting proteins are often of lower abundance and
may therefore not be selected due to random sampling,
even though most peptide m/z values will be measured
in the MS spectra. Indeed, using a strategy based solely
on database searching with accurate masses, Goodlett
et al. were able to identify low abundance proteins from
yeast cell lysates that were not identified by traditional
tandem mass spectrometry [7].
To perform database searches without tandem mass
spectra in a 2D-LC dataset, high mass accuracy is a
requirement. Fourier transform ion cyclotron resonance
(FTICR) instrumentation can achieve high mass accu-
racy (low to sub-ppm) and ultra-high-resolution (m/m
about 100,000) under the right conditions [8]. The main
limitation to high accuracy is space charge effects in the
ICR cell [9, 10]. To overcome this space charge effect, the
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tion is the most common and straight forward method;
however, it cannot provide high mass accuracy with an
online HPLC separation as the space charge in the cell
will vary with the concentration of the eluted peptides.
Automatic gain control can be used to control the
number of ions in the ICR cell resulting in improved
mass accuracy but it also results in a decrease in
dynamic range [11–13]. Internal calibration is largely
considered the best calibration method as the calibrants
and the analytes will be exposed to the same space
charge conditions in the ICR cell [14, 15]. However,
internal calibration has its own set of complications,
including ion suppression of the calibrants or analytes,
increased space charge in the ICR cell from the cali-
brants, and possibly complex hardware [14, 16–18].
Although several methods to recalibrate spectra with-
out internal or external calibrants have been developed,
none are suitable for 2D-LCMS datasets [19–22]. Tolma-
chev et al. developed a multidimensional calibration
technique that separates the peaks in the dataset by
total ion abundance, individual peak intensity, peak m/z
value, and LC retention time, and uses a statistical
analysis of peak matches to accurate masses (i.e., from a
list of PMT tags or an in-silico generated list) to recali-
brate the entire dataset [23]. While very good mass
accuracy and precision improvements have been ob-
served, this technique relies on the availability of the
detailed list of putative compounds.
We have developed a 2D-LC tandem mass spectrometry-
based recalibration strategy similar to the disclosed by
Palmblad et al. [24]. These methods use identifications
from MS/MS data to self-recalibrate (DASER) as many
MS spectra as possible. As shown here, the resulting
peaks lists typically have average mass accuracies be-
low 1 ppm. The accurate mass peaks are then searched
with a custom mixture mass fingerprint (MMF) search
algorithm to yield additional protein identifications.
Therefore, we have named this combined method
DASER-MMF. The ultimate goal of these further devel-
opments is to preserve the maximum amount of instru-
ment dynamic range and provide efficient calibration of
spectra to improve the protein identification perfor-
mance of high-resolution mass spectrometers.
Here we extend the Palmblad et al. recalibration
technique to very complex mixtures (human serum)
and observe recalibration performance similar to that
previously reported (with some improvements likely
due to field strength). While our recalibration technique
is very similar to that previously described (we do not
observe or use the polydimethylcyclosiloxane contami-
nant ions observed in their study) [24], the way that we
use the calibrated masses is quite different. The MMF
search presented here has more resemblance to an early
report from the same laboratory [25]. Similar to the
likelihood ratios used by Ramström et al., the MMF
search presented here relies on the fact that peptides
will occur in the dataset as a collection all stemming
from the same protein. If a large enough collection ofpeptide masses is found in the dataset, the masses will
mutually support each other and positively identify the
protein. Additionally, by identifying multiple species
associated with a single protein, the MMF search has
the potential to be interfaced with quantitation tech-
niques for comparing protein expression. In this work,
we use a novel scoring function and apply this search
scheme to a very large database that is not species-
specific. This is the first report of identifying a mixture
of proteins using accurate mass alone and a search
against a large (over one million sequences) sequence
database.
Experimental
Materials
Mass spectrometry grade Chromasolv solvents and
HPLC grade solvents were obtained from Sigma (St.
Louis, MO) and Fisher Scientific (Fair Lawn, NJ), re-
spectively. Angiotensin for external calibration along
with acetic and hexadeuteroacetic anhydride were also
acquired from Sigma. A six-protein tryptic digest mix-
ture (BSA, transferrin, cytochrome c, -galactosidase,
lysozyme, and alcohol dehydrogenase) was purchased
from Dionex (Sunnyvale, CA). Tris(2-carboxyethyl)
phosphine hydrochloride (TCEP), methyl methanethio-
sulfonate (MMTS), and trifluoroacetic acid (TFA) were
acquired from Pierce (Rockford, IL).
Protein Digest and Labeling
The Dionex six-protein tryptic digest mixture was re-
suspended to a concentration of 10 fmol/L with
loading buffer (water:acetonitrile:TFA; 98:2:0.03) and
used directly (5 L  50 fmol and 15 L  150 fmol).
Serum samples from a cystic fibrosis (CF) patient before
and after antibiotic treatment, which were chemically
labeled and then mixed, were used as a more complex
system. Proteins within the serum were reduced with 5
mM TCEP and alkylated with 10 mM MMTS and
digested with trypsin overnight. The peptides were
labeled with either acetic anhydride (pre-antibiotic treat-
ment) or hexadeuteroacetic anhydride (post-treatment)
anhydride for 10 min followed by two or four more
additions of anhydride with 10 min incubations using
at least a 50-fold molar excess. The peptides were
lyophilized to dryness and then resuspended in 5%
acetonitrile:0.1% formic acid to a final concentration of
1 g/L. Heavy and light labeled peptides were then
mixed 1:1. Five L of the prepared samples (contain-
ing a total of 5 g of serum proteins) were loaded on
the 2D-LC.
Liquid Chromatography and Mass Spectrometry
The 2D-LC system consisted of a strong cation exchange
capillary column (Poros S10, 300 m  15 cm; Dionex,
Sunnyvale, CA) followed by a reverse phase nano-
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Dionex) mounted on an Ultimate 3000 LC instrument
(Dionex). For the 2D-LC experiments, salt plugs were
used to elute the peptides bound to the cation exchange
column. Eleven salt fractions were programmed: 0
(flow through), 1, 2, 5, 10, 25, 50, 100, 200, 500, and 1000
mM NaCl. For 1D-LC experiments, the strong cation
exchange capillary column was bypassed. Two percent
acetonitrile with 0.03% TFA was used to load the
sample from the injection loop to the capillary column
(2D configuration) or to the trap column (1D configu-
ration) at a flow rate of 20 L/min. This solvent was
also used to load the salt plugs onto the capillary
column and to desalt the peptides loaded on the trap
column (samples from 1D injections or peptides eluted
from the cation exchange column during 2D injections).
The solvents used to elute the peptides bound to the
reverse-phase nano-column consisted of 0.1% formic
acid (Solvent A) and 90% acetonitrile, 0.1% formic acid
(Solvent B). The reverse-phase gradient was 4% to 55%
Solvent B run over 60 min at a flow rate of 300 nL/min.
After each elution the column was washed (gradient to
100% Solvent B) and equilibrated (4% Solvent B). The
output from the LC system was connected directly to
the electrospray source of the mass spectrometer.
Mass spectra (MS or MS/MS) were acquired on an
Apex-Qe (Qh-FTICR) mass spectrometer (Bruker Dal-
tonics, Billerica, MA) equipped with a 12-tesla actively
shielded magnet and an Apollo II (Bruker Daltonics)
electrospray ionization source. The instrument was
configured to operate in auto-MS/MS mode, selecting
one precursor from each MS scan to automatically
dissociate in the external collision cell. The overall
acquisition rate was between 3 and 4 s per scan (MS or
MS/MS) and 512 k data points were collected in each
acquisition. When raw data were collected, no signal/
spectral averaging was performed. The instrument was
calibrated externally before each LC-MS/MS analysis
with an angiotensin (0.001 mg/mL) CID spectrum.
MS/MS Database Search
The recalibration procedure centers around the results
from an MS/MS based database search and identifica-
tion. For all of the work presented here, the Mascot
(Matrix Science, London, UK) search engine was used;
however, the technique and concept are compatible
with any search engine capable of identifying analytes
from MS/MS spectra. The mass error is an important
parameter in the search. This value has to be large
enough to account for the possibly poor initial calibra-
tion of the instrument and/or the calibration issues
within a single spectrum due to spray conditions, space
charge, etc. Typically, searches are conducted with a
rather high mass error (for a given instrument) so that
as many MS/MS spectra as possible are identified,
which will lead to enhanced recalibration results. The
exact search parameters for each MS/MS ion searchused in this work will be given in the discussion of
those search results.
Databases
Two protein sequence databases were used in this work
for both the Mascot MS/MS ion search and the MMF
search. For searches on the simple protein mixture data,
the complete MSDB database was used. The database
contains 2,344,227 protein sequences and all of these
were considered, i.e., no species filter was imple-
mented. For searches on serum samples from CF pa-
tients the NCBI nonredundant protein database was
used. In this case, the sequences were filtered such that
only human sequences were considered, yielding a total
of 145,700 protein sequences.
Results and Discussion
DASER Algorithm
The DASER-MMF method developed in this work
involves several steps of post-processing after the
LC-MS/MS data has been collected. The first step is to
perform an initial Mascot MS/MS ion search, the results
of which are used as input to the DASER algorithm. A
detailed flow chart of the DASER algorithm we devel-
oped and implemented in custom software is shown in
Figure 1. While the general operation of the recalibra-
tion procedure is similar to that reported by Palmblad
et al. [24], there are some differences in our specific
implementation, hence a description of our entire pro-
cess is given here. Recalibration is generally performed
on averaged spectra (MS only) from the LC dataset.
Average times depend on the chromatographic param-
eters and resulting peak widths, but typically an aver-
aging width of 3 min is used. The algorithm implements
a boxcar average with 50% overlap so that every MS
spectrum appears in two average spectra. Chromato-
graphic peak widths on our system are usually in the 1
to 2 min range, so a boxcar average width of 3 min
means that most LC peaks will be completely contained
in one of the average spectra. Averaging the spectra like
this means that a greater portion of the data (more
individual spectra) will be recalibrated, and also im-Figure 1. Detailed flow chart of DASER method.
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identification and mass determination more accurate.
The raw spectra are initially processed within Data
Analysis (DA; Bruker Daltonics, Billerica, MA). The
boxcar averaging algorithm is implemented in a Visual
Basic for Applications (VBA) script within DA and the
SNAP2 algorithm is used to identify monoisotopic
peaks. SNAP2 uses an advanced isotopic distribution
fitting routine to find monoisotopic masses even in
cases when several distributions overlap. Identified
peptides from the MS/MS search results are used as
calibrant ions. Only peptides from proteins with scores
above the confidence limit for that given search are
used in the recalibration scheme. A second filter on the
actual peptide score (this is typically set at 10) is used to
further discriminate against peptides that were not
confidently identified based on their MS/MS spectrum.
In this way, the ions used to recalibrate a given exper-
iment have been validated based on their MS/MS
spectrum as well as the fact that they exist as a collec-
tion, not a single entity.
Once the list of calibrant peptide masses has been
filtered, the monoisotopic peak list from each spectrum
is searched for these identified masses. Because the
observation of each ion will be characterized by a
chromatographic profile, a given calibrant ion is only
considered valid in the local vicinity (in time) of where
its MS/MS identification occurred. The mass value in a
given spectrum must also be within a defined error
(typically the same error as was used for the MS/MS
search to find the calibrant ions) of the calibrant mass
for it to be considered the same species and to be used
in the calibration. Assuming at least two calibrant ions
are found in a given spectrum, that spectrum is recali-
brated using a linear fit based on the following fre-
quency to m/z relationship (this is called the “CAL2”
function by Bruker, but is previously attributed to
Francl et al. [26]):
m ⁄ z
A
fB
The observed ion frequencies are first calculated
using the original calibration constants (A and B) and
solving the above equation for f, the measured cyclotron
frequency. These frequencies, along with the calibrated
m/z values, are then used to find new calibration
constants using a least-squares minimization fitting
algorithm. Ideally, one would like to have more than
two points in the calibration so that a more representa-
tive fit to the actual data could be generated. For many
spectra this is the case; however, in an effort to recali-
brate as many spectra as possible, spectra where only
two calibrants could be found were still accepted. For
FTMS data it is also possible to perform a single point
space charge calibration [27]. Due to the nature of the
identifications being made in this work and the need for
ultimate accuracy, we chose not to investigate this
single point calibration mode.Before any recalibrations are accepted, a final filter
on the average error of the calibrant ions is applied. This
filter is used to address issues where ion signals are
incorrectly identified as calibrant ions in a given spec-
trum and lead to erroneous calibrations and, therefore,
erroneous calibrated mass values. If the average error
for the calibrants after the recalibration is greater than a
user defined limit (2 ppm was used for all data pre-
sented here), that calibration is considered flawed and
peaks from that spectrum are not used for further
analysis. It should be noted that every effort is made to
only include high quality, accurate calibrations in this
analysis so that the results reflect the highest mass
accuracy obtainable from the instrument.
After a given spectrum recalibration has been
deemed acceptable, the entries in its accurate mass peak
list are added to a temporary mass list. Due to the
elution profiles of analytes and the spectral averaging
used, masses may occur in the list several times as they
will be observed in multiple recalibrated spectra. A
final unique mass value algorithm is used to sort
through this list and find mass values that are within a
defined error of one another. This error is now the
average calibrated error of all the spectra, which is
much smaller than the errors used in the steps above.
For all the data presented here, a recalibration error of
2 ppm was used to ensure that all similar masses could
be grouped. The unique mass value algorithm centers
on a histogram analysis of the data, allowing similar
masses to be easily identified and their mass values
averaged. In this way, a single list of unique masses
from the entire experiment is generated for input to the
MMF search. A key point here is that this list contains
mass values from averaged calibrated spectra that were
then averaged with additional calibrated values provid-
ing very accurate masses based on multiple measure-
ments. The result, as supported by the actual errors
found during the MMF search (see results below), is a
mass list with sub-ppm accuracy.
MMF Search
The mixture mass fingerprint search consists of a search
through a protein database looking for peptide masses
that match masses contained in the unique and accurate
mass list produced from the DASER method. As its
name implies, the MMF search is based on the well
established peptide mass fingerprint (PMF) search [28].
The key difference is that the MMF search is designed,
based both on the quality of the input data as well as the
operation and scoring scheme, to handle a mass list
from a mixture of different proteins. The use of recali-
brated, high accuracy data greatly reduces the ambigu-
ity in identifying a mass as being from a particular
protein. Additionally, a high quality separation means
that more peptides from a given protein will be observ-
able and not masked by other more intense ions.
Therefore, a real protein hit is expected to match several
peptides leading to significant sequence coverage (com-
1918 DANELL ET AL. J Am Soc Mass Spectrom 2008, 19, 1914–1925monly 15% or greater). The accuracy combined with the
high sequence coverage is what allows a protein to be
unambiguously identified within a mixture. Database
size, complexity, and occurrence of proteins with sig-
nificant homology will present the biggest hurdles to
successful application of this technique. As shown in
the examples below, real databases do not present
unmanageable complexity, and confident protein hits
can be identified within a mixture. Finally, it is implic-
itly difficult for this algorithm to identify small proteins
that produce only a few digest fragments. This cutoff,
while not yet analyzed in detail, appears to occur at
100 residues. Proteins that are smaller than this may
not produce enough detectable peptides to confidently
identify them above the noise threshold of the scoring
technique. The protein sequence as well as the sample
and database complexity will all have some effect on
where this performance cutoff appears. MS/MS data is
likely required to identify small proteins within a
mixture.
The MMF search starts by performing an in-silico
digest (and modification as necessary) of each protein in
the database. If any of the calculated digest masses
match a mass in the accurate list, again within a
specified error (the same calibrated error of 2 ppm was
used for all searches here), then this match is recorded
for subsequent scoring at the end of the search. After all
proteins in the database have been searched the indi-
vidual protein hits are scored. The protein score is
calculated using the following empirically determined
function:
score log(NPMM4ASC2AMI)
The number of peptide mass matches (NPMM) is
simply the number of peptides matching to that protein.
The adjusted sequence coverage (ASC) is a measure of
the sequence coverage with every peptide hit only
counting once. This is important for proteins that have
repeat subunits as a single peptide match can lead to
almost 100% coverage, however, that is clearly not as
confident a hit as one made up of five unique peptide
matches leading to 20% coverage. The average match
intensity (AMI) is an average of the peak intensities for
the peptide mass matches with the highest and lowest
intensities discarded. Discarding the high and low
intensities eliminates any biasing in this value from
possibly anomalous matches; it also means that the
minimum value for NPMM is three (discarding two
intensities leaves one value, which becomes the AMI).
As can be seen, the scoring function weights the num-
ber of peptide matches as well as the sequence coverage
fairly heavily as these two values are implicitly what
MMF identifications are based on. The inclusion of the
average match intensity makes the score an arbitrary
value as each dataset will exhibit different peak inten-
sities based on the sample and ion source conditions.
The peak intensity was included in the score to help
discriminate between matches to very low intensitypeaks that may be due to noise or contaminants. Ac-
ceptable performance was observed using a scoring
function that did not include the match intensity; how-
ever, small species that produce few fragment ions
within a mixture could not be identified and therefore
this component was added to the score. For attempting
to identify low concentration components, a scoring
function that does not include intensity may be desir-
able and will be investigated in the future, as will the
inclusion of other factors, such as the MOWSE influence
[29]. The score is log scaled for easier comparison and
visualization, but it should be remembered that even a
tenth of a point is a large difference in the raw score.
As the score is an arbitrary value, methods are
needed to confidently determine what value is signifi-
cant and, therefore, which proteins are positively iden-
tified as being present in the sample. The first method
employed involves converting the scores into expecta-
tion values using a previously described technique [30].
This calculation is based on a survival function con-
structed from the score distribution of protein hits to the
database. While the expectation values can give a good
indication of the quality of the top hits, we have found
that they perform poorly in identifying proteins close to
the significance cutoff. The second method involves a
second search on a decoy protein database. The decoy
database is produced by randomizing each individual
sequence in the original database, therefore producing a
new set of digest masses but not altering the overall
amino acid composition of a given protein. The score
distribution of hits to the decoy database is fit to the
probability density function of a suitable distribution.
The false positive rate associated with a given score can
then be calculated using the cumulative distribution
function for the distribution as all hits to the decoy
database are assumed false. This analysis is similar to
that implemented within the ProteinProphet package
and, similar to their conclusions, we also find that a 
distribution best models the decoy database score dis-
tribution [31]. Based on the simple protein mixture
results shown below, false positive rates below 0.3% to
0.5% are generally required for accurate protein identi-
fication with the MMF search.
Simple Protein Mixture
Two different column loadings (50 and 150 fmol of each
protein) of the six-component protein mixture were
each analyzed three separate times by LC-MS/MS. The
data from each experiment was exported to an MGF file
and submitted to Mascot for an MS/MS ion search
(MSDB database, no species filter, trypsin cleavage
rules, two missed cleavages, carboxymethyl (C) vari-
able modification, 10 ppm mass accuracy). These results
were then used to recalibrate the data using the DASER
algorithm. A complete summary of the recalibration
results is shown in Table 1. These datasets averaged
slightly more than 20% recalibration coverage with the
higher column loadings producing over 30% coverage.
1.10
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efficiency and ion source optimization) affected the
specific results. These samples exhibited somewhat
lower than normal percentage recalibration due to
the mixture simplicity and general lack of peptides
present to identify and use for recalibration.
The root mean squared (RMS), mean, and standard
deviation (STD) of the mass error before and after
recalibration is also shown in Table 1. The RMS error
gives a good indication of the true “average error” of a
dataset as one spectrum with a 10 ppm error and
another with a10 ppm error will yield a mean error of
0 ppm, while the RMS error for these spectra is 10 ppm.
The errors are calculated from the calibrant ions iden-
tified and used in each spectrum within the dataset.
Therefore, this is not a completely unbiased measure-
ment of the actual error of the data. Generally, these
computed values will underestimate the real error;
however, they still serve to indicate the improvement
observed with the recalibration scheme. An unbiased
analysis of the errors in the peptide masses identified by
the MMF search is presented below. Although these
datasets generally exhibited fairly low errors before
Table 1. Recalibration results from simple protein mixture data
Dataset
No. MS/MS
spectra
% MS/MS
spectra IDed
% Data
recalibrated Ori
50 fmol
1 76 28% 24%
2 24 25% 13%
3 22 18% 6%
150 fmol
4 104 15% 19%
5 106 25% 30%
6 96 27% 32%
Averages 23% 21%
Table 2. Mascot and MMF search results from protein mixture
Accession
Protein
description
Mascot
Rank Scorea
Total
hits
Seq
cov
AAN17824 Bos taurus
serum albumin
1 278 5 8
AAA96735 Bos taurus
transferrin
2 221 5 8
LZCH Lysozyme c
precursor
3 113 2 19
GBEC -Galactosidase 4 49 1 1
DEBYA Alcohol
dehydrogenase
— 0 0 0
CCBO Cytochrome c
bovine
— 0 0 0
Total Hits/average seq cov (including 0s) 13 6
Fold increase
aSignificance cutoff for the Mascot search was a score of 38 (P  0.05).
bSignificance cutoff for the MMF search was a score of 10.8 (0.3% false posprocessing (0.8–1.6 ppm), the recalibration errors all
show significant improvement. Specifically, the RMS
and standard deviation of the errors are all below 0.5
ppm, with several below 0.25 ppm. These errors indi-
cate that database searches can be confidently per-
formed on the 1 to 2 ppm level.
The accurate mass lists from the recalibrated datasets
were submitted to the mixture mass fingerprint search
(MSDB database, no species filter, Trypsin cleavage
rules, two missed cleavages, carboxymethyl (C) vari-
able modification, 2 ppm mass error). The complete
results of the Mascot and MMF searches on dataset no.
4 (a representative dataset from the six presented
above) are shown in Table 2. While there was a reason-
able number of MS/MS spectra included in the Mascot
search, two of the proteins present in the sample were
not identified in the search (alcohol dehydrogenase and
cytochrome c). The incomplete identification via
MS/MS data is likely due to the MS/MS acquisition
rate and the column loading (150 fmol) used with this
sample. The MMF search, however, is able to positively
identify all six proteins contained in the mixture. The
MMF search makes these identifications with an aver-
Errors
Unique
massesS
Recal
RMS
Orig
mean
Recal
mean Orig STD
Recal
STD
0.32 0.39 0.00 0.58 0.35 1082
0.04 1.04 0.00 0.30 0.05 340
0.00 1.25 0.00 0.13 0.00 169
0.39 0.51 0.00 0.57 0.44 1133
0.25 1.55 0.00 0.37 0.27 1338
0.23 0.98 0.00 0.40 0.25 1437
0.21 0.19 0.00 0.39 0.23
et no. 4, 150 fmol of each protein loaded on the column
MMF
Seq cov
increase
Seq cov
fold
increasek Scoreb
Exp
value
Total
hits Seq cov
14.6 0.00032 36 46 38 4.8
14.3 0.00067 32 37 29 3.6
12.1 0.15 8 48 29 1.5
11.9 0.22 17 15 14 14.0
12.2 0.14 14 33 33 Inf
11.0 2.2 5 36 36 Inf
112 36
8.6 6.0sets
g RM
0.77
1.08
1.26
0.83
1.61
1.06datas
Ran
1
2
4
5
3
6itive rate).
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yielding six times the sequence coverage per protein.
The analysis of the decoy search on a randomized
protein database created from the entries in the MSDB
yielded a false positive rate of 0.15% at a protein score
of 11.0. While this false positive rate could be manually
chosen to correctly identify all the species present in
this known sample, even at a rate of 0.3% (found to be
an acceptable level for the MMF search based analysis
of several known samples) all the correct proteins are
identified and no incorrect IDs are generated. The
expectation values for the protein IDs shown in Table 2
indicate that the top five proteins are quite confident
identifications. The expectation value for cytochrome c,
however, indicates that is it no better than a stochastic
match even though its score is above the 0.15% false
positive cutoff. Cytochrome c is an example of a small
protein that is difficult to identify within a mixture.
While the MMF search is able to achieve 36% sequence
coverage on this protein, only five peptides provide this
coverage. The discrepancy between the number of
matching peptides and the sequence coverage illus-
trates the source of the uncertainty problem with small
proteins. This case also highlights the apparent issues
with using this expectation value calculation method
[30] when trying to identify proteins near the signifi-
cance cutoff. Finally, it should be pointed out that the
above performance was achieved when searching the
entire MSDB database of over two million protein
sequences, a significant enhancement over the previous
report that restricted the search to considerably fewer
sequences [24]. At a false positive rate of 0.15%, our
method was able to identify all of the components in
this mixture, and no others, despite the fact that only
peptide mass was used to identify proteins.
The results from the MMF search allow the actual
errors present in the dataset to be analyzed in an
unbiased way. Figure 2 shows a histogram of the errors
for each peptide match identified by the MMF search.
The errors are centered very close to 0 ppm and exhibit
a very narrow distribution (standard deviation  0.56
ppm). The RMS error for these matches, 0.57 ppm, gives
a good indication of the actual calibrated mass accuracy
of the entire dataset.
The MMF search also allows the performance of the
DASER technique to be analyzed in more detail. Figure
3 shows the result of this analysis on a peak within the
protein mixture dataset no. 4. This peak was one of
many peaks identified by the MMF search but not via
MS/MS analysis. The MMF search identified this peak
as originating from a peptide, which is from a protein
that was positively identified by the Mascot MS/MS ion
search. Therefore, the actual presence of this peptide in
the sample is very likely. Figure 3a shows an averaged
mass spectrum over a 3 min observation time (44 total
individual spectra, a typical average time for process-
ing, as noted above). The six calibrant ions identified via
MS/MS analysis are marked in the spectrum. The peak
marked with an arrow was identified by the MMFsearch as the 2 ion of an 11 residue peptide from BSA
(sequence: HLVDEPQNLIK). Figure 3b shows the de-
tailed mass measurement accuracy analysis on this 2
ion. A perfect measurement of the mass would be at 0
ppm (line marked “A”). Open bars are a histogram of
the individual mass values obtained from all raw mass
spectra (a total of 101) where this isotopic distribution
was observed. The line marked “B” is the average of
these values. Shaded bars are a histogram of the mass
values obtained from the averaged and recalibrated
mass spectra (a total of 6) produced from the DASER
analysis. The line marked “C” is the average of these
values. The average mass value obtained from the raw
spectra is 1.2 ppm from the theoretical peptide mass,
whereas the average mass obtained from the DASER
analysis only has an error of 0.1 ppm. Similar perfor-
mance was observed with multiple other peaks inves-
tigated regardless of whether or not their parent protein
was identified by the original Mascot MS/MS ion
search (data not shown). This analysis shows that the
resulting mass measurements made after the DASER
analysis are not only centered on the theoretical peptide
mass but they also have a smaller overall spread in
measured mass; that is, both the accuracy and the
precision of the measurement are improved.
The ultimate performance obtainable with the MMF
search can be seen by looking at the results from an
analysis with very few Mascot identifications. The com-
plete results of the Mascot and MMF searches on
dataset no. 2 are shown in Table 3. This dataset was
generated from a lower column loading (50 fmol on
column) than the previous example, and apparently the
instrument source and MS/MS parameters were not
optimized as well, yielding very few MS/MS identifi-
cations via Mascot. Only two proteins were confidently
identified via Mascot, giving only four calibrant ions.
However, enough of the dataset was recalibrated (13%,
see Table 1) to allow for the confident identification of
five of the six proteins present in the mixture at a 0.3%
Figure 2. Error histogram for MMF peptide matches from pro-
tein mixture dataset no. 4. Mass errors for each individual peptide
match identified by the MMF search provided the 112 data points.
The MMF search was completed considering mass errors up to 2
ppm.false positive rate. Overall improvements in the number
1921J Am Soc Mass Spectrom 2008, 19, 1914–1925 DASER-MMF TO ENHANCE PROTEIN IDENTIFICATIONof peptide hits and sequence coverage for each protein
in the mixture (Table 3) were similar to those found for
dataset no. 4. The expectation values show that the top
three hits (BSA, transferrin, and alcohol dehydroge-
nase) are well above the stochastic distribution bound-
ary. The next two hits (lysozyme and -galactosidase)
are right on this boundary despite their scores falling
above the 0.3% false positive rate cutoff. The next
highest hit is cytochrome c although with this sample’s
lower loading, both its score and expectation value
indicate that this small protein is not confidently iden-
tified. The large gap in expectation value between
cytochrome c and lysozyme and -galactosidase is a
further indication that this is where the significance
cutoff should be placed.
Complex Human Blood Serum Sample
Blood serum from a CF patient that was isotopically
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a complex mixture. The same CF sample was analyzed
via 2D-LC-MS/MS five consecutive times over the
course of approximately 5 wk. The analyses were inter-
spersed with other experiments on this instrument and
therefore represent the common instrumental varia-
tions that are expected to be observed in any laboratory
setting. The MS/MS results from each chromatogram in
the set making up an individual 2D-LC dataset were
exported in MGF format and combined into a single
file. The combined MGF file was submitted to Mascot
for an MS/MS ion search (NCBI non-redundant data-
base, Homo sapiens species filter, trypsin cleavage rules,
two missed cleavages, methylated cysteine (C) fixed
modification, light and heavy acetyl (K- and N-termi-
nal) variable modifications, 10 ppm mass accuracy).
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1922 DANELL ET AL. J Am Soc Mass Spectrom 2008, 19, 1914–1925of the results. The low number of identifications is not
an uncommon observation with LC-MS/MS experi-
ments performed on FTMS instruments and is likely
due to the relatively low MS/MS acquisition rate com-
pared with quadrupole or linear ion trap instruments.
The Mascot MS/MS ion search results were then used
to recalibrate the data using the DASER algorithm. A
summary of the recalibration results for each of the five
datasets is shown in Table 4. A much greater proportion
of data is recalibrated in the serum samples (average of
53%) than in the simple protein mixture samples (aver-
age of 21%, Table 1). The reason for this is believed to be
the additional peptides available within the analysis to
collect MS/MS data on. This yields additional MS/MS
spectra submitted to Mascot even when accounting for
the additional run time of these 2D versus 1D experi-
ments. Several individual chromatograms (from the
more populated salt fractions) gave greater than 80%
recalibration coverage.
Despite having many more spectra included in the
recalibrated set, the serum samples demonstrated reca-
libration performances similar to the protein mixtures.
The original average RMS error was over 4 ppm and the
Table 3. Mascot and MMF search results from protein mixture
Accession
Protein
description
Mascot
Rank Scorea
Total
hits
Se
co
AAN17824 Bos taurus
serum albumin
2 45 2 4
AAA96735 Bos taurus
transferrin
1 45 2 3
LZCH Lysozyme c
precursor
c 35 2 19
GBEC -Galactosidase — 0 0 0
DEBYA Alcohol
dehydrogenase
— 0 0 0
CCBO Cytochrome c
bovine
— 0 0 0
Total hits/average seq cov (including 0s)e 6 4.
Fold increase
aSignificance cutoff for the Mascot search was a score of 40 (P  0.05
bSignificance cutoff for the MMF search was a score of 10.0 (0.3% fals
cLysozyme was below the Mascot significance level even though two
d Cytochrome c, while the next highest ranked hit after -galactosidase
e Total hits and average sequence coverage calculations include hits fro
for a given search.
Table 4. Recalibration results from human serum datasets (each
Dataset
No. MS/MS
spectra
% MS/MS
spectra IDed
% Data
recalibrated Orig
1 1192 23% 55% 7.2
2 936 38% 74% 1.2
3 722 36% 45% 2.5
4 969 23% 44% 5.2
5 1003 27% 48% 4.5Averages 29% 53% 4.15standard deviation was almost 1 ppm. After recalibra-
tion, the average RMS and standard deviations of the
errors are both below 0.5 ppm, indicating that the mass
list produced from the recalibrated spectra is accurate to
1 ppm. The large initial mass errors for the serum
datasets is likely representative of the larger range in
space charge conditions exhibited in the ICR cell during
the 2D-LC elution of these complex samples. The effect
of space charge on the mass accuracy is demonstrated
in Figure 4. The total ion current (TIC) along with the
original and recalibrated mass errors for each averaged
spectrum in serum dataset no. 4 is shown. The correla-
tion between the original mass errors and the TIC is
quite striking. Although the recalibrated error trace
shows some of the TIC trace features, indicating that the
effects of space charge have not been completely elim-
inated, the absolute mass error as well as its variability
has been greatly reduced. Table 1 also shows that while
the initial RMS error for dataset no. 1 is greater than 7
ppm, the recalibration is still able to function properly
and reduce the error down to 0.33 ppm. Despite the
initial quality of the instrument or external calibration,
the DASER method is able to give consistently high
et no. 2, 50 fmol of each protein loaded on the column
MMF
Seq cov
increase
Seq cov
fold
increaseank Scoreb
Exp
value
Total
hits
Seq
cov
1 13.5 4.2E-05 28 40 36 9.0
2 12.6 0.0006 18 22 19 6.3
4 10.1 1.1 4 33 14 0.7
5 10.0 1.3 9 9 9 Inf
3 10.8 0.15 10 22 22 Inf
d 9.5 6.2 3 23 23 Inf
72 25
12.0 5.7
itive rate).
e hits were identified as being associated with this protein.
ot significant until the false positive rate is increased to 2%.
proteins even if the actual protein score was below the confidence level
esenting 11 salt fractions or LC-MS/MS datasets)
Errors
Unique
masses
Recal
RMS Orig mean
Recal
mean Orig STD
Recal
STD
0.33 7.05 0.00 1.08 0.38 22406
0.47 0.59 0.00 1.00 0.52 20751
0.28 2.45 0.00 0.76 0.32 13564
0.42 5.10 0.00 0.93 0.47 18255
0.49 4.38 0.00 1.07 0.56 21439datas
q
v R
3
).
e pos
peptid
, is nrepr
RMS
0
8
8
1
10.40 3.91 0.00 0.97 0.45
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mass measurement accuracy [14, 18, 32].
One of the major motivations driving development
of the DASER-MMF technique was to provide a tool for
enhancing identification of low abundance proteins
from highly complex mixtures of clinical or biological
importance, such as the serum samples used in this
work. While the DASER performance on the serum
datasets is quite impressive, the MMF search was only
able to positively identify one protein (HSA) in these
very complex mixtures. In contrast, Mascot was able to
identify over 20 proteins from a single experiment. The
reason for the poor MMF search performance is be-
lieved to be due to the large number of peaks identified
in the 2D datasets (last column in Table 4) as well as the
number of variable modifications that had to be consid-
ered due to the isotopic labeling. These two factors lead
to additional random matches to the decoy database
search, which increases the protein score cutoff value.
While accurate mass was enough to identify proteins in
a simple mixture, it is not adequate to handle very
complex mixtures. Additional discriminating factors
are needed to further enhance the identification abilities
of the MMF Search.
As the peptides within this serum sample were
isotopically labeled, every peptide shows up as a dou-
blet of a “light” and “heavy” peak. An additional
processing step was developed to create a reduced list
of masses with just the light label present, and to
associate with these masses a count of the number of
lysines present in the peptide. The acetyl label will
attach to lysine residues as well as the N-terminus of the
peptide (of which there is always only one). The num-
ber of lysine residues present in the peptide was then
used as an additional discriminating factor within the
Figure 4. Total ion current (TIC) (solid), origina
for human serum dataset no. 4.MMF search. The additional processing reduced thepeak list sizes by 10–20 times and enabled identification
of 11 proteins from a single experiment at a false
positive rate of 0.5% (six proteins at 0.3%). Nine of the
proteins were also identified by Mascot (six of the top
seven Mascot hits were mutually identified). While the
MMF search still does not show significant improve-
ments over the performance of the Mascot MS/MS
based search, clearly adding additional discriminating
factors to the search is a beneficial direction to pursue.
Future Developments
As the lysine count was able to increase the identifica-
tion power from 1 to 11 proteins, current work is
underway to add additional discriminating factors to
the MMF search algorithm. Specifically, peptide reten-
tion time is being considered as a second discriminating
factor for the MMF search. There are several published
methods for prediction of retention time based on
peptide sequence [33–36], and adding this factor has
proven useful in other accurate mass based search
schemes [37, 38]. As the observed mass is already a very
accurate factor within the MMF search, extreme accu-
racy in the retention time is likely not necessary, and the
published methods should provide sufficient perfor-
mance (the order of minutes should be sufficient).
Preliminary results indicate that addition of crude re-
tention time prediction to the MMF search allows three
times as many proteins to be identified within a given
search.
As the MMF search deals with peptide masses, it has
unique applicability to peptide and spectral count
based relative quantitation techniques [39–41]. The
MMF search has the ability to identify 10 times as many
peptides from a given protein versus similar MS/MS
hed), and recalibrated (dotted) mass error tracesl (dasbased search schemes, allowing many more peptides to
1924 DANELL ET AL. J Am Soc Mass Spectrom 2008, 19, 1914–1925be counted, and potentially making this measure more
accurate and useful. This could allow a single dataset to
be used to identify and quantitate proteins present in
complex mixtures.
Conclusions
Although the DASER-MMF technique has been shown
here applied to FTMS based datasets, it is not specific to
a particular type of mass analyzer. This method can be
easily implemented on data from any instrument capa-
ble of higher mass accuracy, such as Orbitrap (Thermo
Electron Corp., Bremen, Germany) and TOF based mass
spectrometers. Additionally, the MS/MS data does not
have to be high-resolution; it only has to be correlated
to a parent ion in the high-resolution MS spectra. The
DASER method relies on information already contained
in the LC-MS/MS dataset that was not efficiently used
by other processing techniques. Implementation is ac-
complished through post-processing the dataset and
therefore does not require altering the instrument hard-
ware or software control. As such, the dynamic range
and overall sampling rate of the instrument is un-
changed, in contrast to other methods for improving
mass accuracy, all of which compromise these perfor-
mance metrics. The fact that the instrument dynamic
range is not compromised is illustrated by the fact that
several of the complex serum datasets presented had
RMS mass errors of over 4 ppm. This is high for a 12
tesla FTMS instrument and is reflective of the varying
ICR cell loadings that occurred as no effort was made to
limit the number of ions accumulated in a given acqui-
sition sequence. Despite the large original mass errors
and the overall complexity of the datasets, RMS mass
errors and standard deviations of less than 0.5 ppm were
routinely achieved, with some errors in the 0.25 ppm
range.
The high mass accuracy afforded by the DASER
method is uniquely applicable to the MMF search
scheme. The MMF search has been shown to identify
proteins (often small or of low intensity) missed by
standard MS/MS based search methods. The MMF
search is exceptional for its ability to identify proteins
present in a mixture using only peptide mass values.
Searches of large protein databases (over two million
sequences) were able to produce IDs of all the proteins
within the mixture at very low false positive rates (less
than 0.5%). While other accurate mass-only search
methods have been able to identify multiple proteins
within a mixture, all of the previous reports have used
much smaller databases (100s or 1000s or proteins) [4, 5,
25, 37]. The low false positive rates producing complete
mixture IDs while searching a database of this size are
very unique.
The software programs (Microsoft Windows ex-
ecutables) used to implement the DASER and MMF
techniques are available for download at www.
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